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On Storage Compression of Neural Machine Translation
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Abstract : The purpose of the model storage compression is to significantly reduce the storage space waste caused by redun-

dant model parameters with no loss of accuracy. Previous methods focus more on computer vision tasks and it is rare to see

studies on this problem in machine translation. In this paper, we compare the model compression methods including pruning,

quantification, and low-precision compression on Transformer and RNN models. In the end, we use combined method to achieve

11.7x and 5.8 compression ratio on the Transformer and RNN models while sticking to the original BLEU score. At the same

time, this paper also discusses the weakness and strength of the model compression methods.
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WRMSHE, b AR MRS ERA T 2
RETRHIHRFALEL binder IR R F RIS HL
RO T BN LR ALE Do R R X 23 2 5 4E
EAC X E A b 5 0 E R A A

M8 WTLLE . BEE n-bit EALT n )
VI SichiR SO DR RN SR
PA A LR SCIR B R R IR R T AR B i
KIEGEREEERT, BEE n BD, EAXEINKZ
BUA AR E R 4ii, B AL X IR SRR BT &5 B
PR /N TR T 245 3 08 K5 A R TA B i K T i
FEha, BEH& n U, EOREAL X IR A 2l
Wi, EEALX /N B AMX E S HOT &
VIR O, BRI T A R P U)o

33 FEFEFEMLE S

TESLIG TP ERATT R B, T Xt T Transformer it
s& RNN 484, ARG B ik T a2 50
IR A S0 Foas e e Bk, X AR
R 2y 2 e e W N B a5 S A RO
TR 32bit HURG VT s A BY A 16bit 2R TR
BBCRIAT S B B A A7, DR 2 B 7 v
AT LA I I 45 22 J5 A R /N T 50% 11 AN Xof 458 28 1
RE 7 A 5§

T 2 K P AR T 448 5 R AE DL AN AR o
i R AR R FRATTIE B, 75 4 28 W 4% oh AT I
AEMEH 32bit R R AORIRAE S R
AL G 16 A 11 M B WA AT AT =5 3, H 16bit
B /D 1 LR BOR PR AT 2 B0 1 28 0 285 B 70 3t 2
2R, 2 RIIHERAL 2 T BN 1 0 A& I B
A7t TR IE BT AL BLPIR 7%

BT U SRR, AR TETR
2SR R S E, W, BT
RURIHEWTRIUI Z5, AN AT DAk /D 458 78 (1) 474t =5
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2 B A 2 A S SL e 4 R

Network BLEU Parameters Compress Rate

baseline 39.55 537MB 1x

BU Y (40%) 39.50 323MB 1.6x
RNN BY K7 + 14k (4-bit+98%) 39.44 51MB 10.5x
B+ A+ 39.43 46MB 11.7x

baseline 41.76 362MB 1%

B (15%) 41.94 308MB 1.2x

Transformer BY ki + 51k (6-bit+98%) 41.50 65MB 5.6x
B R+ A 41.57 62MB 5.8%

® 3 ERZ MG LR
Network BLEU Parameters Compress Rate

baseline 40.37 648MB 1x

B (45%) 40.35 357MB 1.8x
RNN-4layer BB+ 1k (4-bit+98%) 40.33 58MB 11.3x
B+ A+ R 40.34 51MB 12.7x

baseline 38.10 1048MB 1x

B (35%) 38.00 682MB 1.5

RNN-8layer BB+ 1k (4-bit+98%) 37.91 107MB 9.8x
BB - b+ B 37.96 97MB 10.9x

[H], EA ARSI NFEUAREZ )RR 35 ERENE ST

34 BIEERREE ST

HATEIR . B PR =M oy R A A s
IO SLIG &5 Rk 2 Fron. = AP & 46 7 v 1
ZHERECEDN total="F}5 B> AL >80k, Hop
total AKX WS4

X RNN, fEH G, FRATRI 40%57
B, 4-bit B4 CEAGXE 98%, FHrt 98% L4
BIRLHT 40%), VORI ERE R YE, R4 Rl 3
11.7xM B 46 % ; %FT Transformer, AT 15%
VA A, 6-bit B (EALIXIN 98%, 98%fU
FEBIRL 15%), Ya iR EEYE, R4l
B 58X E4E% . nILAEH, RNN AR 46fE
[ A 2K F Transformer, —FH{EMKIE4AFEE
A X ) 4 0] e it Y Transformer 48 EE T RNN JU 4%
BN,

MR 2 IR R T LLE M, fEBR. &1k,
Vb B MR IR g ik A s R T, B
TTIERT BEABR T 4 R B2 e K S B TT
L, B TTEBRAERMSHIX RIVEE R, 5
FETTEAR L, B S EA R R 48 R RS TR,
R eSS E 7k R EMR A, 2dE
)G, AR AR K R 4

N T #E— P IGE Transformer A1 RNN 2 [6] &
PR M Z R, A AEHIREZEM 44 EM 8 )
GNMT RNN B8 b 347 SEEG, 78 9 > B IR )= RNN
FAF BN R K RS R AR 3 s

AT HEIR)E RNN W25 sz 56t — DUk 1
TAT 2 B me 25 B p)E &P, RNN ] K46 72 L
Transformer K, M & BEH RNN TR S
iK% .

4 T—5ITE

% SR SR 0f i 22 ) £ AR Y ) s A4 3E — P IE
W7 AP M 2 AR RSB TUAR R . BEXT IR
PE, BATEAR R A & 25 R R AT P 20 00 2% 1) B
KR ARG B2 AR RN, R B 4 5 A 1Y

TIEAR S5 A, TR I N R A i 25 8] 1) ) s 04 3]
PR 03 1 H o
5 &g

IR SE T B X6 G ] AR AR Y S BT il 134T S
%, X EEAN[E R 45 5 VA 7E Transformer A1 RNN I
IR TR s 46 350 o
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XFF 8K 777, Transformer X #E S 543 A u
Fl 4/ B E S0 R S A, 4T 9
2 B R R T 4F, RNN X AR T S50 A Yu el
B & Z 02500 A A Z BRI AL i AR BT b
RCREELE, BRI R UG8 1A T 0 B R R AR

X EWITE, S8 A% I Transformer
FET L2 $0 70 A0 2 B0 RNN BT B s, 7E i3k
AT ALK RE Bk A B AL X (A A n {H .

20 B 77k, T AE Transformer I8 52
RNN #EHY |, 0 B 7R3 v 7 A S 500 N
HEAT R TR 1 o 48 1 AN 2 0 A5 TR 3 AT A 4 2K

EHATEIR . B, PR =P B R R 465
FEE AL EATKIL,  Transformer F RNN
A AR BN, AT S Bt - Transformer AH XY
T RNN TURZSH D .
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